BACKGROUND: Readmissions cause significant distress to patients and considerable financial costs. Identifying hospitalized patients at high risk for readmission is an important strategy in reducing readmissions. We aimed to evaluate how well physicians, case managers, and nurses can predict whether their older patients will be readmitted and to compare their predictions to a standardized risk tool (Probability of Repeat Admission, or P ra ). METHODS: Patients aged ≥65 discharged from the general medical service at University of California, San Francisco Medical Center, a 550-bed tertiary care academic medical center, were eligible for enrollment over a 5-week period. At the time of discharge, the inpatient team members caring for each patient estimated the chance of unscheduled readmission within 30 days and predicted the reason for potential readmission. We also calculated the P ra for each patient. We identified readmissions through electronic medical record (EMR) review and phone calls with patients/caregivers. Discrimination was determined by creating ROC curves for each provider group and the P ra . RESULTS: One hundred sixty-four patients were eligible for enrollment. Of these patients, five died during the 30-day period post-discharge. Of the remaining 159 patients, 52 patients (32.7%) were readmitted. Mean readmission predictions for the physician providers were closest to the actual readmission rate, while case managers, nurses, and the P ra all overestimated readmissions. The ability to discriminate between readmissions and non-readmissions was poor for all provider groups and the P ra (AUC from 0.50 for case managers to 0.59 for interns, 0.56 for P ra ). None of the provider groups predicted the reason for readmission with accuracy. CONCLUSIONS: This study found (1) overall readmission rates were higher than previously reported, possibly because we employed a more thorough follow-up methodology, and (2) neither providers nor a published algorithm were able to accurately predict which patients were at highest risk of readmission. Amid increasing pressure to reduce readmission rates, hospitals do not have accurate predictive tools to guide their efforts.
BACKGROUND
Against the background of rising concerns about both the cost and quality of American medical care, hospital readmissions have come under increasing scrutiny from both outside and within the government. [1] [2] [3] Hospital readmissions may be a marker for poor quality care, are dissatisfying for patients and families, and increase health care costs. Medicare estimates that $15 billion is spent on the 17.6% of patients who are readmitted within 30 days 4 . Although it would be ideal to develop interventions that improve the hospital-to-home transition for all patients, given limited resources, some have argued for targeting intense efforts-such as comprehensive discharge planning, post-discharge phone calls or home visits, and early clinic visits-towards high risk patients. However, such strategies require that we have accurate methods to identify patients at highest risk.
Anecdotal evidence suggests that inpatient providers (physicians, nurses, discharge planners) currently make informal predictions of readmission that affect discharge planning. Such predictions are not new: providers have tried to predict other outcomes, such as mortality and length of stay, in several settings (e.g., intensive care unit, emergency department), with varying success. [5] [6] [7] [8] [9] [10] However, the accuracy of informal predictions of hospital readmission is unknown. Several algorithms have also been developed in recent years to predict hospital readmissions, but their use has been limited, because they require information not typically gathered during clinical care, their models are complex and difficult to use, and/or because they are not accurate. A few studies have compared providers with algorithm-based tools to predict readmission and mortality in other settings, 9 but it remains unknown how well providers' predictions of readmission for general medicine patients compare with published algorithms or how the predictions of multiple disciplines compare with one another.
To reach the ultimate goal of preventing readmissions, identifying the highest risk patients is the first of a multistep process. Providers would next need to speculate on the reason for readmission before then targeting an effective intervention to prevent the readmission. However, currently no literature exists to evaluate the ability of providers to predict the reason for a patient's readmission.
The goal of this study was to evaluate how well physicians, case managers, and nurses can predict whether their patients aged ≥65 will be readmitted, and to compare their predictions to a standardized risk tool, the Probability of Repeat Admission (P ra ). As a secondary examination, we also evaluated how well providers could predict the reason for readmission. We hypothesized that providers could better predict readmission than the risk tool because (1) the ability of the P ra to predict readmission was only modest in the original study, with an area under the curve (AUC) of 0.61, and (2) providers may incorporate important factors not easily translated into variables and therefore omitted from prediction tools, such as socioeconomic factors, health literacy, or even unmeasured clinical variables.
METHODS

Sites and Subjects
Patients aged ≥65 discharged from the general medical service at the University of California, San Francisco Medical Center, a 550-bed tertiary care academic medical center, were eligible for enrollment. Patients transferred to another inpatient service or to another inpatient acute care hospital were excluded. We used the electronic medical record to screen all general medicine admissions daily to ensure complete capture of all eligible patients. Patients were enrolled during a 5-week period beginning March 17, 2008 . This enrollment period was chosen in part to maximize the number of provider participants. Provider subjects included 24 attending physicians, 42 housestaff physicians, six case managers, and over 30 nurses.
Design
At the time of discharge, we contacted (in-person, by phone, or by e-mail) the inpatient team members caring for each patient and asked them to estimate the chance of unscheduled readmission to any acute care hospital within 30 days. Each member of the team (including the attending, resident, and intern physicians, case manager, and discharging nurse) predicted the chance of readmission from 0-100%, based on their independent overall evaluation of the patient. We asked providers to predict readmissions on a continuous percentage scale in order to facilitate creating receiver-operating characteristic (ROC) curves. The team members also predicted the reason for potential readmission with an open-ended response. We attempted to obtain responses on the day of discharge, but accepted responses until 48 h post-discharge.
We then calculated the Probability of Repeat Admission (P ra ) for each patient. The P ra is a commonly cited instrument that uses eight risk factors (older age, male sex, poor self-rated general health, availability of an informal caregiver, having ever had coronary artery disease, diabetes, hospital admission within the last year, more than six doctor visits during the previous year) to predict the probability of two or more hospital readmissions during a 4-year period. 11 In the original study where this instrument was developed, the area under the ROC curve was 0.61. More recently, it was shown to predict 30-day readmission with similar accuracy. 12 The eight risk factors for the P ra calculation were obtained via chart abstraction. We asked housestaff to include availability of informal caregiver and patient's self-rated health status (variables that are not customarily included in the chart) when completing the admission history and physical, and added these questions to their template documentation. Additional information such as length of stay, disposition, and primary language were obtained by reviewing the EMR.
Outcome
Three methods were used to obtain a thorough capture of unscheduled readmissions within 30 days. First, readmissions to our hospital were identified through our institution's EMR. Second, patients or their caregivers were contacted by phone to determine if patients were admitted to an outside hospital during this 30-day period. Third, the electronic medical records at the local county hospital were reviewed to determine if any of our cohort patients were readmitted. This last method helped ensure capture of our marginally housed population and others that may not have phone contact. Elective admissions, such as scheduled chemotherapy or scheduled procedures, were excluded. We excluded patients who died during the 30-day follow-up period for several reasons: the predictors of death versus readmission are different, providers were asked specifically to predict readmission and not death, and obviously patients who die can no longer be readmitted. Deaths were identified by review of electronic medical records and during the follow-up phone calls. Readmission diagnoses and number of days since discharge were determined for patients readmitted to our hospital by reviewing the EMR.
Data Analysis
Calibration, or accuracy of the magnitude of overall readmission rate, was calculated for each provider group using a onesample T test. Discrimination, or the providers' ability to differentiate patients who would be readmitted versus not readmitted, was determined by creating receiver-operating characteristic (ROC) curves and calculating the area under the curve (AUC). 13 The ROC curve for each group of providers shows the sensitivity and specificity that could be achieved for those providers at each potential prediction threshold, while the AUC integrates those sensitivities and specificities into a single value. The AUC would need to be above 0.7 for a group of providers to have acceptable discrimination, 14 and an AUC that was not significantly higher than 0.5 would be indicative of providers' predictions that were no better than random guessing. Logistic regression was used to calculate the AUC and its 95% confidence intervals in order to determine whether any provider group's predictions of readmission were better than chance (i.e., whether the AUC was statistically different from 0.50) or different from each other. Sensitivity, specificity, positive predictive value, and negative predictive value were calculated for each provider group and for the P ra using a threshold of 50% for provider prediction. Alternative sensitivities and specificities based on other thresholds can be estimated directly from the ROC curves. Correlation of readmission predictions between provider group pairs was calculated using intra-class correlation coefficients. Two internal medicine physicians reviewed the electronic medical record to determine if the reason for readmission was the same, related, or different from the initial admission. The readmission was deemed "related" if it was associated with or a complication of the original diagnosis or treatment rendered during the initial admission. The reviewers also determined the accuracy of providers' predictions of reason for readmission, again categorized as same, related, or different from the actual reason for readmission.
RESULTS
One-hundred sixty-four consecutive patients were eligible for enrollment; all eligible patients were included in our cohort. Of these 164 patients, five died during the 30-day period post-discharge. Of the remaining 159 patients, 52 patients (32.7%) were readmitted (41 patients to our own medical center and 11 patients to outside hospitals). An additional seven patients (4.4%) presented to the emergency department but were not readmitted. Baseline patient characteristics are presented in Table 1 . Age of patients ranged from 65-96 years, with approximately a quarter of patients aged 85 or older. About one-third of patients had a primary language other than English. Most patients were admitted for fewer than 6 days and discharged to home. The cohort used medical services frequently, as shown by a majority of patients who had over six doctor visits and had been hospitalized within the last year. Provider response rate for predictions was 96.1%. Readmission predictions for individual patients ranged from 0-100% for all provider groups. Mean readmission predictions for the physician providers (attendings 33.0%, residents 30.0%, interns 31.5%) were closest to the actual readmission rate (32.7%), while case managers (39.0%), nurses (43.5%), and the P ra (41.5%) all overestimated readmissions (p values <0.05 for the comparison of case managers, nurses, and P ra with the actual readmission rate) (Fig. 1) .
The ability to discriminate between readmissions and nonreadmissions was poor for all provider groups and the P ra , as demonstrated by the ROC curves (Fig. 2) , whose AUCs ranged from 0.50 for nurses to 0.56 for the P ra to 0.59 for interns). Discriminatory ability was best for the intern physician group, followed closely by attending and resident physicians and the P ra . However, none of the AUC values were statistically different from 0.50 (i.e., chance); likewise, there was no statistically significant difference between provider groups (p>0.05 for all comparisons, data not shown). Sensitivity, specificity, positive predictive value, and negative predictive value for each provider group and the P ra are shown in Tables 1 and 2 . Sensitivity was poor for all groups, ranging from 14.9-30.6%; specificity ranged from 71.9-91.4%. Predictions were positively but only weakly correlated across all groups, with correlation coefficients ranging from 0.055-0.441. Correlation was highest among the physician groups (r=0.326-0.441) and also between intern physician and case manager (r=0.369).
For the patients readmitted to our own medical center, the majority (90.2%) were readmitted to the general medicine team, with the remaining patients readmitted to the cardiology, neurology, and urology services. Over half of readmitted patients (61.0%) were readmitted within 10 days, with an overall average of 10.2 days between discharge and readmission. The majority of patients (70.7%) were readmitted with the same or related diagnosis. The most common readmission diagnoses included pneumonia, gastrointestinal disorders (bowel obstruction, gastroenteritis, and bleeding), cellulitis, and Clostridium difficile Figure 1 . Calibration of provider group predictions of readmission compared to the actual readmission rate. *Significant difference from the true readmission rate of 32.7% Bars indicate ±2 SD. Table 3 . None of the provider groups predicted the reason for readmission with accuracy (e.g., no group predicted the correct or a related diagnosis more than 51% of the time). Nurses and intern physicians had the highest accuracy (where accuracy was defined as the same or a related diagnosis), and case managers the lowest. All groups underestimated the degree to which patients would be readmitted for adverse effects of therapy, whereas most groups (all but the case managers) overestimated the rate at which patients would be admitted for the same condition.
DISCUSSION
In a cohort of elderly patients hospitalized on a general medical service of an academic medical center, nearly one-third were readmitted within 30 days. Neither their inpatient providers nor a readmission risk tool could accurately predict which patients would be readmitted (i.e., the area under the AUC was less than 0.60 in all cases and not statistically different from chance). The 32.7% readmission rate seen in our population is significantly higher than the 19.6% readmission rate observed in a recent study of almost 12 million Medicare beneficiaries. 15 Reasons for the higher readmission rate in our cohort compared with the large Medicare cohort likely stem from differences in these two populations, specifically that our population consisted of a smaller sample of tertiary care patients in an urban setting. Our study may have selected for patients at particularly high risk for readmission, for both clinical and social causes. Regardless, whether the risk for unplanned readmission is one in five or one in three, it is clear that this area is fertile ground for quality improvement and cost reduction initiatives.
When considering the value of a predictive tool, one needs to consider how accurate it is in the aggregate (calibration) and how well it predicts which individual patients have the outcome of interest (discrimination). In the case of calibration, we found that the aggregate predictions were reasonably accurate (particularly by the physicians; the nurses, case managers, and the predictive tool all overestimated the risk of readmission in our population). However, neither the provider groups nor the risk tool was able to discriminate which individual patients were at high risk for readmission. The inability of providers to predict readmissions goes against our initial hypothesis that the providers' experience and interpretation of innumerable factors would make them ideal candidates for this task. In the only comparable published study, providers were similarly unable to predict rehospitalization for heart failure patients. 16 Presumably each provider group has unique expertise that would influence their predictions. For example, the bedside nurse is best positioned to know a patient's functional limitations and level of dependence, which have been shown to be risk factors for readmission. 17, 18 Our case managers were often familiar with patients from prior admissions and therefore could incorporate longitudinal information into their predictions. Both the nurse and case manager are likely better informed than physicians regarding psychosocial factors that may influence readmission, such as whether a patient lives alone, another factor that has been associated with readmission. 19, 20 Physicians on the other hand should be best equipped to predict clinical reasons for readmission, such as complications of disease or treatments. However, in spite of these various skill sets, all provider groups essentially performed equally poorly in predicting which patients would be readmitted. It is possible that predictions Figure. 2. ROC curves for readmission predictions.
might have been better if providers had collaborated, thereby pooling their collective knowledge of the patient. We suggest several reasons for the poor provider and P ra predictions. First, general medicine patients consist of an inherently heterogeneous group, with a multitude of variables contributing to both their admission and potential readmission. The interplay of these variables-both clinical and social-may simply be too complex to allow accurate predictions of readmission. Comparing severity of illness among patients with many different diseases is also likely more difficult than when patients suffer from one disease. Secondly, providers may overlook important elements that play a role in readmission. For example, providers rarely gave complications of treatments as a reason for potential readmission, thereby underestimating readmissions for Clostrium difficile colitis or bleeding after starting warfarin for a pulmonary embolus. It is now known that adverse drug events are very common after discharge and likely play a role in readmissions, 21, 22 but the risk factors for post-discharge ADEs (such as patient understanding of their medication regimens) 23 have not been part of algorithms published to date or a likely part of clinicians' informal assessments of risk. Lastly, it is plausible that readmission risk has a weaker correlation with patients' clinical characteristics and social circumstances than it does with the processes of care during hospitalization and with post-discharge care. 24 Clinicians are likely poor judges of the quality of their own discharge processes. As hospitals, payers, and health policy increasingly focus on reducing readmissions, our study offers insight into developing effective interventions. While many studies focus on only "high risk" patients, [25] [26] [27] [28] we show that readmission is very common and unpredictable among all medicine patients. While better prediction tools would allow interventions to be directed only at the highest risk patients, the most recent such tools have had only modest predictive value, reiterating the complex nature of general medicine readmissions. 29 An alternative approach is to apply interventions to all patients, including the >60-80% of patients who were not destined to be readmitted. In the meantime, an increase in public reporting of readmission rates and impending changes in remuneration to reduce payment for the lowest performing hospitals create further pressure to reduce readmission rates, without effective prediction tools to guide these efforts. Our study has several limitations. First, our cohort was limited to one institution over a 5-week period. However, this limitation allowed us to ensure uniform methodology in obtaining predictions. Next, while the details of the readmission such as diagnoses were limited to patients readmitted to our medical center, we did optimize capture of which patients were readmitted through exhaustive measures (review of EMR at our institution and the local county hospital, as well as phone calls to patients and caregivers). The P ra was originally developed to predict readmission within 4 years of the index admission, but here we have used it for 30-day readmission. While this difference may limit its accuracy, the P ra was the best fit of the published risk tools, and it has since been validated as a tool to predict short-term readmission. 12 The P ra was not calculated for 13% of patients because of missing health status.
Regarding patient input, the study would have required patient consent and therefore would have led to incomplete capture of all otherwise eligible patients, especially the nonEnglish speaking population. Readmission is common and surprisingly unpredictable. Proposed changes in public reporting and reimbursement for readmissions will make hospitals more accountable for their readmission rates and in turn for improving their discharge process. Risk stratification is one tool that may be helpful in addressing this problem; however, neither an algorithm nor providers have been successful in predicting readmissions, leaving hospitals to struggle without guidance to aim their efforts.
